Up to now, several methods have been proposed for monitoring processes with attribute data. These methods can be categorized into two major group; statistical methods and fuzzy methods. In this paper current fuzzy methods are introduced and the performance of fuzzy methods and statistical methods are compared together based on the Average Run Length (ARL). The comparison shows that the statistical method has the best performance. We show the necessity of using fuzzy method in case of attribute data. Then the critiques towards fuzzy methods are reviewed which show the usage of fuzzy set theory in these methods have some restriction. As a result we indicate a study gap about the usage of fuzzy set theory for monitoring processes with attribute data and at the end some guideline for the next study are proposed.
Introduction
Quality has been a concern in the manufacturing industry since 1700 (Montgomery [1] ). In present day, not only manufacturing but also service industries focus on product and service quality as main factors for customer satisfaction. To be competitive in the market, organizations must improve or at least maintain their product and service quality. To achieve this important task, organizations must monitor their product or service quality. In 1920s, by using statistics in quality control, statistical quality control has been developed. Nowadays, statistical quality control as branch of quality control involves acceptance sampling, design of experiment and statistical process control. Fuzzy set theory was introduced for the first time by Zadeh [2] in 1965. Since then, developing fuzzy set theory has an exponential growth. In 1980s, Japanese engineer by using fuzzy set theory in electrical industries achieved encouraging results. This improvement cause that other researchers also start their research about fuzzy set theory. In quality control area, Bradshaw [3] , for the first time used fuzzy sets as a basic for the explanation the measurement of conformity of each product units with the specifications. Williams and Zigli [4] , showed that quality assurance techniques especially in service industries are not without imprecision of human judgments. This imprecision and vagueness can be treated with the help of fuzzy set theory. Since 1990, several papers are existed about quality control by using fuzzy set theory. Raz & Wang [5] and Wang & Raz [6] proposed a probabilistic approach and a membership approach for monitoring attribute processes. Kanagawa and et al. [7] developed a new control chart for monitoring mean and deviation of attribute variables. Hoppner and Wolf [8] designed a fuzzy exponential weighted moving average. Kahraman et al. [9] used triangular fuzzy numbers to test of control chart for unnatural patterns. Wang & Chen [10] exhibited a fuzzy programming model and a hierarchical model for designing the economical-statistical control charts. Gwee and et al. [11] used the concept of fuzzy control to diagnose the unnatural patterns of X chart. Shal and Morris [12] used fuzzy logic to change and improve the performance of statistical processing control. Grzegorzewski & Hryniewicz [13] proposed a new fuzzy control chart based on necessity index. Wang & Rowlands [14] proposed a fuzzy logic system for diagnosis the unnatural pattern in control charts. Latva-Kayra [15] exhibited a control system based of combination the outputs of CUSUM and auto EWMA charts to survey about the cause of pattern in wood industry. Hsu & Chen [16] present a new diagnostic approach based on fuzzy logic system in order to monitoring the performance of the manufacturing discrete process and categorize the potential cause of assignable cause. Hryniewicz [17] present a method for determining the inspection interval based on user preferred in statistical quality control. Hsieh and et al. [18] used a control chart based on fuzzy sets theory for defect clustering in IC manufacturing. Zarandi and et al. [19] used fuzzy methods to economical design of X chart. Chang and et al. [20] used fuzzy AHP to select unstable slicing machine to control wafer slicing quality.
Fuzzy control charts for attribute data
Based on the nature of the quality characteristics, two broad categories of control charts are developed, namely variable and attribute control charts. Variable control charts are used to monitor continuous characteristics of the products such as length, weight, voltage, etc. which are measurable on numerical scales. However, it's not always possible to express the quality characteristics in numerical scale. For these characteristics such as appearance, softness, color, etc. control charts for attribute are used. Control chart for proportion nonconforming is one of the attribute control charts. In this chart, each product units are classified as "conforming" or "non-conforming", depending upon whether or not they meet specifications. Then by using the principles of Shewhart control charts, this chart that called P-chart is formed. But, as Raz and Wang [5, 6] also mentioned, the binary classification into "conforming" and "non-conforming" used in P-chart might not be appropriate in many situations where there might be a number of intermediate levels. In this case, for measuring the quality-related characteristics, it's necessary to use several intermediate levels besides conforming and non-conforming. For example, the quality of product can be classified by one of the following terms; "perfect", "good", "medium", "poor" and "fair", depending on deviation from specifications. Data obtained in this way are called categorical data and we can use multinomial distribution instead of binary distribution. Several statistical researches have been done in this area. The early research goes back to Duncan [21, 22] , who introduced a chi-square control chart for monitoring a multinomial process with categorical data. Later, this type of control chart is discussed further by Marcucci [23] and Nelson [24] . Marcucci introduced a statistical approach for case, where the proportion of each category is not known before. But the problem is still existence. As we know, the quality level of each product is determined by the quality inspectors and they do this task mentally. For example, one product might be classified in perfect category by an inspector but classified in good category by another inspector. It means that determining the quality level of the product mentally by the inspectors is in an uncertainty situation. As Yager and Zadeh [25] also indicated, in fact the main problem is vagueness that corresponds to the mental affect. So, here we can use fuzzy set theory because of uncertainty situation and vague environment. In case of monitoring attribute data by using fuzzy set theory several researches are existed. Raz & Wang [5, 6] proposed an approach based on fuzzy set theory for monitoring attribute processes when quality characteristics are classified into mutually exclusive categories. Kanagawa and et al. [7] present a control chart based on the probability density function existing behind the linguistic data as continues of Raz and Wang approach. These approaches are discussed by Laviolette and et al. [26] , Almand [27] , Kandel [28] and reviewed by Woodall et al. [29] and Taleb & Limam [30] . Later, Gulbay & Kahraman [31] [32] [33] proposed α -level fuzzy control chart for attributes in order to reflect the vagueness of data and tightness of inspection. Probabilistic approach and αlevel are discussed in following.
Probabilistic approach. In the fuzzy probabilistic approach, the term set consists of t terms, each term i L associated with a fuzzy subset i F and described by a membership function ( ) Where t is the number of linguistic term, i r is the representative value of fuzzy set associated with linguistic term i L , ij k is the number of product unit categorized with linguistic term i in the sample j , j n is the size of the sample j . MSD is the mean of standard deviations of the m samples and calculated by using equation (3). 
α -cut control limits are also fuzzy sets which could be showed by triangular fuzzy number.
Since the membership function of the CL divided into two components, so each component has its own CL, LCL and UCL. As shown in the (Eq. 7) and (Eq. 8), membership functions of the control limits depend on theα .
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Where, n is the average of samples size.
To determine whether the process is in control or not, we can do as follow:
The value of α -cut is determined based on the tightness of inspection. For a tight inspection, we can use a value near 1 forα .
Comparison
We select the Average Run Length (ARL) as a measurement to compare these methods. ARL 1 is the average number of points that must be plotted before a point indicates an out-of-control condition.
The comparisons are sets between three methods, probabilistic approach, α -level and generalized p-chart (proposed by Marcucci [23] ). We assume for linguistic variable triangular fuzzy number as: perfect t 1 =[0 0 0.5], good t 2 =[0 0.25 0.5], average t 3 =[0.25 .5 .75], poor t 4 =[0.5 0.75 1], bad t 5 =[0.5 1 1] . We use fuzzy mode to transfer these membership function to their represented value in order to do the comparison by simulation first in phase I, 25 samples with size of n generated. After the calculation of control limits, 10000 samples with different sizes generated to calculate the ARL 1 in different shifts. We do it 20 times and after that we calculate the mean of the ARL 1 in each case which the results are shown in table [1] . 
Results
Raz and Wang [5, 6] compared probabilistic approach with the traditional P-chart and show the better performance of probabilistic approach as a result. But as Laviolette and et al. [26] mentioned, their comparison is bias, because they compare the control chart for categorical data (multinomial Advanced Manufacturing Technology and Systems dara) with control chart for binomial data. Here we compare the probabilistic approach with generalized P-chart and as the comparison table shows statistical approach has the better performance than current fuzzy approaches. In addition to performance of fuzzy approach, several critiques also presented about them. Laviolette et al. [26] noted that membership linguistic chart is not effective enough in detecting shifts toward intermediate categories. Taleb [30] argue that probabilistic approach assignable cause cannot be defined clearly. Kandel [28] stated that in these approaches after converting the fuzzy subset associated with each linguistic term into scalars some data that indicate the high quality level of the product might be plotted outside the control limits. Raz and Wang [5, 6] themselves stated that in term set consisting of t linguistic values, each sample is completely specified by a t -dimensional vector with elements corresponding to the number of items in the sample describing by each linguistic value. This vector is a random variable from a multinomial distribution. Kandel [28] noted that it's important to emphasize that the application of fuzzy set theory by Raz and Wang is restricted. In this paper a review of fuzzy methods for monitoring attribute processes is provided. Then the performance of the fuzzy methods and statistical method compare by means of ARL 1 . The comparison shows that statistical approach has better performance. However, as declared before, it's necessary to deal with the attribute processes by means of fuzzy set theory. So, as Dobois and Prade [34] mentioned the critiques are founded in limited view of fuzzy set theory, not considering other field of the theory. On the other hand, Woodall [29] proposed a guideline to deal with the attribute processes by means of fuzzy set theory which seems the best. He declared that "in a particular application of fuzzy logic, an inspected item could have membership 0.3 in the set of 'fair' items and membership 0.6 in the set of 'good' items" and as a result he pointed out that "finally, the fuzzy methods proposed thus far use as input variables the number of items in each sample assigned to each quality category. A more useful approach might be to use as input the membership values of each item in each of the quality categories represented by the linguistic variables".
